Mathematical models can provide key insights into the course of an ongoing epidemic, potentially aiding real-time emergency management in allocating health care resources and by anticipating the impact of alternative interventions. We study the ex post reliability of predictions of the 2010-2011 Haiti cholera outbreak from four independent modeling studies that appeared almost simultaneously during the unfolding epidemic. We consider the impact of different approaches to the modeling of spatial spread of Vibrio cholerae and mechanisms of cholera transmission, accounting for the dynamics of susceptible and infected individuals within different local human communities. To explain resurgences of the epidemic, we go on to include waning immunity and a mechanism explicitly accounting for rainfall as a driver of enhanced disease transmission. The formal comparative analysis is carried out via the Akaike information criterion (AIC) to measure the added information provided by each process modeled, discounting for the added parameters. A generalized model for Haitian epidemic cholera and the related uncertainty is thus proposed and applied to the year-long dataset of reported cases now available. The model allows us to draw predictions on longer-term epidemic cholera in Haiti from multiseason Monte Carlo runs, carried out up to January 2014 by using suitable rainfall fields forecasts. Lessons learned and open issues are discussed and placed in perspective. We conclude that, despite differences in methods that can be tested through model-guided field validation, mathematical modeling of large-scale outbreaks emerges as an essential component of future cholera epidemic control.
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waterborne diseases | epidemiology | ecohydrology | human mobility | Markov chain Monte Carlo A s a major cholera epidemic spread through Haiti (1) (2) (3) (4) (5) (6) , leading to 170,000 reported cases and 3,600 deaths at the end of 2010 (1) , four independent modeling studies (7-10) appeared almost simultaneously, each predicting the subsequent course of the epidemic and/or the impact of potential management strategies.
The spate of mathematical models confirmed earlier suggestions that their impact on public health practice is gaining momentum (11) . Indeed mathematical models of infectious diseases, once properly tested for reliability, can provide key insight into the course of an epidemic in time for action, thus averting deaths and reducing the number of infected patients through a sensible allocation of resources, possibly including vaccines (12, 13) . Because the Haiti cholera models were published early in the course of the epidemic, which as of Oct 26, 2011 had gone on to produce an estimated 485,092 cases, 259,549 hospitalizations, and 6,712 deaths (1) , the subsequent course of the epidemic allows an assessment of the reliability of the early predictions and a related discussion on the lessons learned.
Before 2010, cholera had never before been reported in Haiti (14, 15) and it was thus likely that the population had no significant prior exposure or acquired immunity to the disease. Haiti also lacked preparedness for this epidemic and suitable health infrastructure through which to combat it (2, 3) . Although there is some debate as to the source, most experts agree that the first cases were autochthonous, brought into Haiti from a distant geographic source (6, 16, 17) , and that these cases seeded the subsequent epidemic, which originated within the Centre department and then spread to all of the Haitian departments, exhibiting complex spatial and temporal patterns (1, 6) (Fig. S1 ).
Once a cholera epidemic starts, infected patients excrete huge numbers of Vibrio cholerae bacteria that spread either through water pathways (via active and passive dispersal) (10, (18) (19) (20) or through human mobility networks involving both susceptibles and infected individuals (8, 10, 20) . Poor sanitation, which characterized Haiti after the disastrous 2010 earthquake, facilitates both types of spread and fosters the abundance of microorganisms in the water system. Some, such as V. cholerae, are extremely versatile and can quickly adapt to new environments. Being primarily an aquatic bacterium, V. cholerae can persist indefinitely in rivers, estuaries, and coastal regions without any need for human passage. The incidence of cholera in such ecosystems fluctuates as a function of climatic forces (in particular El Niño Southern Oscillation, ENSO) and changes as extensively described for the region around the Bay of Bengal (21-27) (e.g., ENSO is likely to operate in part through interannual changes in rainfall and act as a remote driver of the disease (26, 27) ). Because of weak sanitary infrastructures and favorable environmental conditions, it seems therefore likely that cholera will continue to be a threat in Haiti, as well as in many developing countries (3) (4) (5) .
In this paper, we examine premises, methods, and results of models of the 2010-2011 Haiti epidemic cholera, to derive lessons that directly affect the predictive value of model outputs on pathogen dispersal mechanisms, model-guided field validations, data requirements, and model identification. On the basis of this analysis, we highlight shortcomings of past approaches and discuss mechanisms of disease transmission driven by rainfall. Best-performing models are identified via rigorous criteria from available epidemiological and hydrological time series and, through them, a multiseason projection is proposed and discussed.
A First Assessment
All four models of the 2010-2011 Haiti cholera epidemic (7) (8) (9) (10) address the coupled dynamics of susceptibles, infected individuals, and bacterial concentrations in the water reservoir in a spatially explicit setting of local human communities. The entire Haitian population was assumed to be susceptible at the outset of the epidemic. Each of the models assumed that the rate at which susceptibles become infected is dependent on the V. cholerae concentration in available water and, in turn, that new free-living bacteria are produced by infected individuals through fecal contamination of water. The main differences among the models stemmed from assumptions about pathogen redistribution mechanisms among the different human communities.
We first examine the reliability of our own original scheme (7) , later discussing the main differences from the other approaches (8) (9) (10) and the impact of these differences on predictions. The reference model of epidemiological dynamics and pathogen redistribution is described in (SI Materials and Methods) Fig. 1 compares the projected course of the epidemic as published in January 2011 with the actual reported case counts reported at the end of September 2011 (1) . Highlighted (dark gray) in Fig. 1 is the dataset used for calibration, which is limited to the end of December 2010 before the first decline of the incidence of the disease. The original prediction (7) ran up to the end of May 2011 (solid line in Fig. 1 ). The 5-mo forecast, judged in retrospect, was quite robust and could have been used to make practical decisions and act in time. To facilitate a further assessment of our model reliability, we have now extended the original prediction to the end of September 2011 ( Fig. 1, dashed line) . Whereas the order of magnitude of total cumulated infections is captured up to September 2011, important features are clearly missed, such as the June-July revamping of weekly incidence (which is likely correlated to seasonal rainfall, Fig. 1 , Top).
The various approaches dealing with the Haiti cholera outbreak (7-10) may be differentiated on the basis of their treatment of spatial transmission mechanisms. Andrews and Basu (9) treated each Haiti administrative department independently without explicitly considering the spread of cholera among them whereas the other models (7, 8, 10) explicitly modeled inter-and intradepartmental pathogen redistribution. Different spatial resolutions also characterize the metacommunity models (10 local communities in ref. 8, 11 in ref. 9, 560 in ref. 7 , and on the order of 20,000 in ref. 10) .
For those studies that provided predictions of the subsequent course of the outbreak, the projections can be tested against current data, yielding a first assessment of validity and the limitations of different modeling assumptions. For example, Andrews and Basu (9) forecast a toll of 779,000 cases and 11,100 deaths from March 1 to November 30, 2011 that significantly overestimated the course of the epidemic; 324,405 new reported cases (accounted for as proposed in ref. 9) (SI Materials and Methods) and 2,040 deaths were actually reported between March 1 and October 26 (1) . We suggest that the differences with observational data stem from the nature of the modeling assumptions that undermine the predictability of the approach. In fact, disregarding interdepartmental pathogen dispersal mechanisms implies the independent fitting of the model parameters to 11 separate departments. Therefore, model parameters are also charged with the effects of long-range transmission mechanisms, including human mobility that is empirically known to be reaching well beyond departmental domains (28) . Regardless of calibration techniques, the large number of parameters (33 vs. 5 in ref. 7) likely increases the uncertainty of early projections.
The role of asymptomatic carriers may be clarified by the detailed examination of one scheme (8) that employs transmission mechanisms similar to those in ref. 7 (save for the inclusion of a human-to-human contagion) but neglects the role of inapparent infections. Asymptomatic carriers are thought to be a critical factor in cholera epidemics (29) , particularly in Haiti (7, 9, 10) , because of their number, unimpaired mobility, and thus major role in long-and short-range disease transmission. Inapparent infections are estimated at 20% of the total (9, 10, 29-31,) . Moreover, they lead to some acquired immunity, thus temporarily reducing the number of persons in a region who are actually susceptible to the disease. The model by Tuite et al. (8) with realistic values of the basic reproduction number R 0 (SI Materials and Methods) fits the initial phases of the epidemic but would predict an excessive number of reported cases at later stages. To overcome this limitation, the authors propose an ad hoc sixfold reduction of the effective reproduction number in the first 3 mo of the epidemic, owing to disease-control interventions. If the compartment of susceptibles is not depleted otherwise, an equal decrease in transmission rates is implied, which seems unrealistic compared with the sanitation interventions analyzed. Adopting a model in which inapparent infections are accounted for avoids the need to force effective reproduction numbers to decrease in time because of unspecified disease-control measures (32) .
An interesting mathematical cholera transmission model, individual based and of stochastic nature (10), focuses on the effects of vaccination strategies for epidemic cholera in Haiti. It addresses the same basic transmission processes as those in refs. 7 and 8, but also includes a 1-to 5-d latent period, a hyperinfective state of freshly shed bacilli, and a model of human mobility that incorporates remotely sensed population density data at 1-km 2 resolution and the localization of major rivers and highways. The study does not attempt to tune processes by matching observed space-time distributions of reported cholera cases (10) but is rather based on model parameter values and ranges from the literature. The main shortcomings of this approach include a limited capability of reproducing past observed infections and thus of reliably predicting future epidemic evolutions.
A Second Assessment
The newly available information on the Haitian outbreak allows a thorough reanalysis of primary and ancillary transmission mechanisms. The result of our reanalysis is a host of models of different complexity that are described in SI Materials and Methods. Because the analysis is now extended to a 1-y time span, the loss of acquired immunity (i.e., a flux from the pool of recovered cases back to the pool of susceptible individuals) cannot be ignored. It is thus accounted for by all models compared here. We have also revised our metacommunity model of transmission among human settlements exposed to the infection by including specific mechanisms of hydrological transport (10, (18) (19) (20) , as suggested by empirical observation of the downstream spreading of early infections along the Artibonite River (6) . Pathogen dispersal along waterways is described (i) by a careful extraction of the river networks ( Fig. 2 ) from digital terrain maps (DTMs), through suitable geomorphologic criteria (SI Materials and Methods), and (ii) as a biased random walk process on an oriented graph (18) (Materials and Methods and SI Materials and Methods). Pathogen redistribution is also enhanced by contamination of the water reservoir driven by heavy seasonal rains (Materials and Methods). Inclusion of such overloads was prompted by the clear empirical correlation, observed in Haiti in June and July, between weekly rainfall and enhanced infections ( Fig. 1 ). We considered two options: an increase of contamination rates depending on rainfall intensity and a mechanistic account of the washout of open-air defecation sites by surface runoff (SI Materials and Methods). Human mobility patterns are explicitly modeled (8, 10, 20) . Observations of fast intercatchment transmission of the infection that would not be explained by water pathway pathogen dispersal and of actual individual displacements in times of cholera support this assumption. Mobility patterns are described by a layer of nodal connectivity ( Fig.  2D and Materials and Methods). With suitable spatial resolution, human settlements may be placed at nodes of the hydrological network ( Fig. S2 ), and edges are measured by the distances connecting them (SI Materials and Methods). We assume that susceptible and infected individuals engage in short-term trips from the communities where they live toward other settlements. While traveling or commuting, susceptible individuals can be exposed to pathogens and return as infected carriers to their settlement (10, 20) . Similarly, infected hosts can disseminate the disease away from their home community-in many cases infected individuals are asymptomatic and thus are not barred from their usual activities. Connectivity structures and fluxes of human mobility have long been studied in epidemiology (33, 34) , often on the basis of gravity-like models where the flux between two communities owing to human mobility is proportional to the product of the respective populations and decays with the distance separating them (10, 20, 35) . Our choice of a model of this kind (SI Materials and Methods) is indirectly supported by a recent empirical study (28) that tracked daily Haitian average movements through mobile phones to determine likely new areas for cholera outbreaks far from the site where the disease was first detected. The study proves that outbound travels from the source area are frequent and most of the country received persons from the affected area whereas the vast majority of individuals leaving the source area traveled to just a few large recipients that include surrounding communal sections.
We have also comparatively tested other disease transmission mechanisms. The revised models considered in particular enhanced community-wide transmission due to a hyperinfectious V. cholerae state (freshly shed cholera pathogens requiring much lower concentrations to cause infection) (9, 10, 29, 36, 37) . Latent stages and human-to-human transmission have been ruled out as discussed in SI Materials and Methods. Other cofactors of disease transmission, judged of lesser importance, are also discussed in SI Materials and Methods.
Parameter calibration is performed via Markov chain Monte Carlo techniques (38, 39) (SI Materials and Methods). To compare the ability of different models (with different added complexity and parameters) to reproduce the spatiotemporal epidemic patterns observed in Haiti, we have ranked the performances of different candidate models according to Akaike's information criterion (AIC) (40) . AIC is a model-selection procedure that explicitly takes into account the trade-off between model accuracy and complexity. The ranking is based on AIC scores that measure the goodness of fit, discounting for the different number of calibration parameters (SI Materials and Methods). We specifically tested four candidate models: (i) a simple model with no pathogen hyperinfectivity and a single water compartment (SI Materials and Methods), (ii) the same model with pathogen hyperinfectivity, (iii) a model with two water compartments (water reservoir and sewage system) but no hyperinfectivity, and (iv) the same as in iii but including vibrio hyperinfectivity. AIC scores are in Table S1 . The optimal model is fully described in Materials and Methods. According to the results of model identification, bursts of infections can be best explained by accounting for larger concentrations in the water compartment due to massive pathogen loads brought by hydrologic washout. AIC not retaining the modeling of hyperinfective stages of the V. cholerae bacterium may be surprising given its importance in other approaches. Our result would confirm earlier remarks (41) suggesting that the timescale of hyperinfectivity is so short that all that matters for modeling purposes would be the overall rate of transmission resulting from the many mechanisms that underlie it, especially given the complexity of the spatial linkages. This result cannot be generalized, however, as discussed in SI Materials and Methods. Table S2 . The model can better reproduce the timing and the magnitude of the epidemic in the 10 Haitian departments ( Fig. S4 ), including the seasonal June-July resurgence, in particular in the most populated and affected regions (Artibonite and Ouest). The capabilities of describing the spatial and temporal patterns of the reported infections grew considerably with the information gained after the early predictions, although the short-term prognostic value of the early model (7) remains noteworthy. Thus, different levels of model sophistication might serve well for evolving insight into the course of an ongoing epidemic. In particular, the model including rainfall drivers and waning immunity allows us to draw predictions for long-term cholera dynamics in Haiti: Fig. 4 shows a multiseason projection up to January 2014, obtained by using suitable rainfall field predictions (SI Materials and Methods). We have chosen to run the example with an average duration of the acquired immunity of 3 y (it must be noted, however, that in such cases model-guided field studies on the rate of loss of acquired immunity become crucial). The related predictions are fairly consistent in suggesting significant Fall bursts of infections, stemming from seasonal rainfall and from the timing of the replenishment of the pool of susceptibles from previous infections due to immunity waning. The underestimation of the predicted infections in the late Fall of 2011 (for which data are now available) is likely explained by the fact that rainfall patterns projected from the end of September missed the extreme rainfall events that actually occurred in the first decade of October. Note finally that this is a worst-case scenario that assumes no improvement in sanitation and ignores any decrease in exposure upon learning from past experience.
Discussion
The encouraging outcomes of early predictions of the 2010-2011 Haiti cholera outbreak and the broadened capabilities of a generalized approach based also on later observations have been highlighted. Despite their capabilities, several limitations and open issues remain toward a general predictive model of epidemic cholera.
One important limitation for long-term predictions is our relatively poor knowledge of community-wide loss rates of acquired immunity (here characterized by a deterministic rate parameter ρ) (Materials and Methods). Susceptibles decrease because of infections and mortality and increase through the loss of immunity of recovered cases. The dynamics of recovered individuals play a crucial role in the long run. Although at short timescales it is reasonable to assume complete immunity of recovered patients, waning or boosting of acquired immunities at longer times may have a substantial impact on epidemic dynamics. Acquired immune responses may vary in relation to age group, V. cholerae strain (e.g., serogroup, biotype, and serotype) (42) , the severity of the contracted infection (43) , and endemic vs. epidemic cholera (44) . On a population level, the buildup of durable immunity usually results in a lengthening of the interepidemic intervals. However, complex cyclic climatic forcings may control interarrivals of cholera outbreaks. Unfortunately, cholera elicits only a temporary immunity (44) whose uncertainty affects the long-term replenishment of the pool of susceptibles. Thus, the fraction of the population susceptible to the disease at the onset of subsequent outbreaks will likely be predictable only with great uncertainty. Worst-case scenarios (i.e., assuming again the entire Haitian population being susceptible) seem too crude an approximation for predicting a meaningful deployment of suitable medical supplies and staff.
In a similar vein, the minimalist assumption of a constant ratio of asymptomatic to symptomatic infections during the course of is highlighted by the shading. Red dots highlight cases reported after September and not used for calibration. Note the agreement between the epidemic fading in the data and the model projection, with the exception of an unpredicted infections peak in the late Fall of 2011. This exception is likely explained by the extreme rainfall events that occurred in the first decade of October that were missed by the rainfall patterns projected from the end of September.
the epidemic, to which modeling results prove quite sensitive (32) , is clearly an approximation. Extended epidemiological evidence and relatedly improved modeling are needed. Also, individuals with blood group O are more prone to severe cholera symptoms than other blood group individuals, although the mechanism underlying this association is still under debate (45, 46) . Hence, the distribution of blood groups among the population might need to be considered where significant differences emerge. Besides blood group, moreover, the susceptibility to cholera depends on local intestinal immunity (from previous exposure or vaccination), bacterial load and intrinsic host factors such as stomach pH (gastric acid provides a barrier) (47) whose community-wide evaluations are difficult. One further issue concerns the modeling of the rapid patient discharge from treatment centers. Infected patients are released when fewer than three watery stools over the past 6 h are observed. This action is reasonable, given the need for space in emergency hospitals, but poses the problem that released patients are treated as recovered. However, they still excrete significant quantities of vibrios and thus contribute to enhanced spread of the disease, a process that is not accounted for in any of the proposed models. Although backtracking the mobility of early discharges seems possible on the basis of treatment center acceptance data, a large-scale application seems impractical. A related issue concerns the actual sanitation within treatment centers, e.g., the isolation of their latrines from the local water cycle especially during acute phases of the epidemic. From a modeling viewpoint, all this information is currently combined into calibration parameters at the loss of predictive power.
Another issue concerns the proper depletion of the pool of susceptibles due to intervention strategies. In this context, two main interventions have been discussed: vaccination and the extended use of antibiotics (48, 49) . Whereas the idea of mass vaccination in Haiti has split experts (13) , the impact of parameter uncertainty on the effects of vaccinations is certainly in need of an assessment. A more uniform opinion concerns the use of antibiotics. With respect to the latter, the World Health Organization generally recommends the administration of antibiotics only to severe cases of cholera (50) . However, soon after the onset of the cholera epidemic in Haiti, many researchers demanded a widening of these regulations toward an extended use of antibiotics (49, 51) . In favor of a broader use of antibiotics to all hospitalized cases, regardless of the severity of the symptoms, is the shorter duration of the acute phase and the reduced shedding of V. cholerae bacteria into the environment (52) . The new policies therefore recommend also treating moderately ill patients with antibiotics (53) . Significant differences in the use of antibiotics existed among treatment centers. The most extreme examples were health partners who used antibiotics in a prophylactic manner to protect family/community members affiliated with cholera patients (54) . The most common antibiotic used in Haiti is a single dose of doxycycline, which proved very effective for cholera treatment (55) . However, drastic increases of doxycycline/tetracycline-resistant isolates were recently reported, referring to a cholera outbreak in Zambia (56) where a clear correlation was observed between the development of resistant strains and large-scale use of antibiotics (either for treatment or for prophylaxis) (56) . In fact, many drug-resistant strains of V. cholerae have been described within recent years due to the spread of antibiotic resistance genes by horizontal gene transfer (HGT) (for recent review see ref. 57) . That antibiotics themselves, as well as signals within V. cholerae's environmental niche, induce diverse mechanisms of HGT (58-61) strengthens the fear of the development of antibiotic resistance in Haiti. It is therefore crucial to monitor the resistance pattern of the circulating V. cholerae strains. Regardless of deeper questions about possible development of specific resistance by the bacterial strains, we note that only very detailed information-possibly beyond reach-about clinical practice in space and time would allow us to better frame the related parameters of the transmission model (Materials and Methods).
In conclusion, weak sanitary infrastructures and favorable environmental conditions will likely lead to indefinite persistence of the pathogen within Haiti, suggesting that cholera will continue to be a threat for many years. Thus, we deem it significant that reliable predictions of epidemic cholera within Haiti could be offered by spatially explicit quantitative disease transmission models. Such models could thus be effectively used in the very course of an outbreak to allocate healthcare resources. To some extent, and with greater uncertainty, they could also possibly evaluate alternative strategies of emergency management. Although deeper integration of epidemiological, socioeconomical, and environmental data is needed to clarify issues still open, and despite differences in methods that can be tested through model-guided field validation, mathematical modeling of largescale outbreaks emerges as an essential component of the control of future cholera epidemics and of modern epidemiology.
Materials and Methods
We describe in what follows only the best-ranked model according to the AIC (see SI Materials and Methods for a detailed description of all candidate models). Let S i ðtÞ, I i ðtÞ, and R i ðtÞ be the local abundances of susceptible, infected, and recovered individuals in each node i of the river network at time t, and let B i ðtÞ be the concentrations of V. cholerae in the water reservoir. We consider n metacommunities (i ¼ 1; n) spatially distributed within a given domain that embeds the hydrologic and the human mobility networks. Epidemiological dynamics and pathogen transport can be described by the following set of coupled differential equations:
The evolution of the susceptible compartment (Eq. 1) is a balance between population demography and infections due to contact with pathogens infesting the water reservoir. The host population is assumed to be at a demographic equilibrium, where μ is the human mortality rate and H i is the size of the local community. The total contact rate
ÞÞ accounts for both local (firstterm) and mobility-related (second-term) disease transmission. The parameter β represents the rate of exposure to contaminated water (possibly varying in time and/or space to account for heterogeneous sanitation conditions and related control strategies) (7) , whereas B=ðK þ BÞ is the probability of becoming infected due to the exposure to a concentration B of vibrios, with K being the half-saturation constant (62) . Human mobility patterns are defined according to a connection matrix in which individuals leave their original node (say i) with a probability m, reach their target location (say j) with a probability Q ij , and then come back to node i. Here, we have opted for a gravity-like model of connections Q ij that decays exponentially with nodal distance; i.e., Q ij ¼ H j e −dij =D =ð P N k≠i H k e −dik =D Þ, where d ij is the (shortest-path) distance between nodes i and j, and D is the deterrence cutoff distance. The dynamics of the infected compartment (Eq. 2) are a balance between newly infected individuals and losses due to recovery and natural/pathogen-induced mortality. Infected individuals recover at a rate γ or die of natural or cholera-induced mortality at a rate μ or α, respectively. The dynamics of recovered individuals are considered here (Eq. 3), because usually waterborne diseases confer just temporary immunity (25) . The parameter ρ quantifies the loss of acquired immunity and the related replenishment of the susceptible compartment. Infected individuals contribute to the concentration of free-living vibrios in the water reservoir at a rate p=W i , where p is the contamination rate and W i (with W i ¼ cH i ) (7, 19) is the volume of water in the reservoir. To account for both local and mobilityrelated pathogen dispersion, here we actually consider the total infective pool G i ðtÞ; i.e., G i ðtÞ ¼ ð1 − mÞI i þ m P n j¼1 Q ji I j . To address the seasonal revamping of infections, we assume that the baseline contamination rate can be increased by local rainfall intensities J i ðtÞ via a runoff coefficient ϕ (SI Materials and Methods). We further assume that the vibrios diluted in the water reservoir undergo hydrological dispersal at rate l. The spread of pathogens over the river network is described as a biased random walk process on an oriented graph in which pathogens move from node i to node j of the hydrological network with probability P ij (18, 63) . The transport process is assumed to be conservative, i.e., P n j¼1 P ij ¼ 1, except for the network outlets where absorbing boundary conditions are imposed. Finally, the bacteria in the water reservoir are assumed to die at a constant rate μ B . As initial conditions, we impose that, as of October 18, 2010 (t ¼ 0), we have S i ð0Þ ¼ H i except for the nodes i where I i ð0Þ is given, matching the reported cases as detailed in ref. 6 . Also, R i ð0Þ ¼ 0 for all nodes i, and B i ð0Þ is in equilibrium with the local number of infected cases; i.e., B i ð0Þ ¼ pI i ð0Þ=ðW i μ B Þ. Several model parameters can be estimated from the literature (Table S2 ). Five parameters are obtained through calibration of contrasting model simulations with the reported cumulative cases in each Haitian department as recorded in the epidemiological dataset (SI Materials and Methods). These parameters are the ratio θ ¼ p=ðKcÞ, the hydrological dispersal rate l, the human mobility rate m, the average deterrence distance D, and the contamination parameter ϕ (SI Materials and Methods).
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SI Materials and Methods
In what follows we provide a complete derivation of the mathematical treatment summarized in Materials and Methods in the main text. We first describe the basic model used for the early prediction (1). Then we show how it has been modified to include information gained during the course of the Haitian epidemic. We also discuss possible refinements of both epidemiological processes at the local scale and cholera spreading mechanisms.
The Original Model. The first modeling aspect that had to be faced concerned the choice of spatially explicit or implicit approaches. In the geographic scales incurred in the Haitian case, pathogen transport timescales (and thus epidemic timescales; Fig. S1 ) are shown (2) to be larger than timescales characteristic of the local infection dynamics (Fig. 1 of the main text) , thus theoretically requiring spatially explicit schemes (3).
We consider n communities (i ¼ 1; n) spatially distributed within a given domain that embeds the hydrologic and the human mobility networks. Let S i ðtÞ and I i ðtÞ be the local abundances of susceptible and infected individuals in each node i of the river net work at time t, and let B i ðtÞ be the concentration of Vibrio cholerae in the water reservoir at site i. Epidemiological dynamics and pathogen transport were described in the earliest prediction (1) by the following set of coupled differential equations:
The host population is assumed to be at a demographic equilibrium, where μ is the human mortality rate and H i is the population size of the local community. In the early application (1) it was assumed that S i ð0Þ ¼ H i because of the lack of any preexisting immunity (2, (4) (5) (6) . The parameter β represents the rate of exposure to contaminated water, and B i =ðK þ B i Þ is the probability of becoming infected due to the exposure to a concentration B i of vibrios, K being the half-saturation constant (7, 8) .
Infected individuals recover at a rate γ or die of natural or cholera-induced mortality at a rate μ or α, respectively. Infected individuals contribute to the concentration of free-living vibrios at a rate p=W i , where p is the local rate at which bacteria excreted by one infected individual reach and contaminate the local water resource reservoir W i (with W i ¼ cH i ). Bacteria die at a constant rate μ B and undergo dispersal at rate l. Given the nearly complete lack of detailed information, the probability Z ij of pathogen movement from node i to node j of the network was defined as Z ij ¼ H j e −dij=D = P n k≠i H k e −d ik =D ; where d ij is the distance between nodes i and j, and D is the distance parameter of the exponential kernel.
Lessons Learned from the Course of the Haitian Epidemic. The newly available information on the Haitian outbreak helped to deepen our understanding of primary and ancillary transmission mechanisms. Therefore, we pursue here modifications of model S1 as presented in ref. 1 to include mechanisms that could not be properly parameterized at the time of the early predictions. In particular:
i) Empirical evidence highlights the role of river networks in the early transmission of the disease (2) . We therefore choose to explicitly address the hydrologic transport of cholera pathogens (3, (9) (10) (11) (12) . ii) Proxies provided by mobile phone calls document widespread host movements in Haiti, suggesting their role in the sustained spreading of the disease (13) . We therefore choose to include a framework for the description of human mobility (11, 12) . iii) The analysis is now extended to a 1-y timespan. We therefore choose to include the loss of acquired immunity, i.e., a flux from the pool of recovered back to the compartment of susceptible individuals whose basic timescales (14) are comparable to the simulated timespan. Significant correlations are observed between seasonal rainfall patterns and the resurgence of the epidemic (15) ( Fig. 1 of main text). We therefore include a description of increased water contamination due to rainfall-mediated pathogen overloads.
From a technical perspective, to account for all of the above mechanisms (Fig. S2A ) model S1 can be modified as follows:
A detailed account of the newly introduced mechanisms follows. Hydrological transport of vibrios. As in model S1 the evolution of bacterial concentration in the water reservoir is a balance between vibrio excretion/dilution, natural mortality, and spatial dissemination. However, the fourth equation of model S2 explicitly accounts for two different pathogen dispersal pathways, respectively through either hydrological transport over river networks or human mobility (Fig. S2 ). Specifically, hydrological transport can be described, in the general case, by a biased random walk process on an oriented graph (9, 10). Pathogens have a mobility rate l and move from node i to node j of the hydrological network with probability P ij . For the present scale of analysis, we assume P ij ¼ 1 if j is a downstream nearest neighbor of node i and 0 otherwise, thus reducing the transport scheme to a deterministic advection-dominated process.
From an operational point of view, the computational domain is subdivided into watersheds on the basis of hydrologic divides. Human communities are defined by the population hosted within each watershed. These communities can thus be hierarchically organized within a river network, with the hydrologic connectivity matrix P among them following directly. The extraction of channeled and unchanneled fluvial basin features and catchment divide delineation from remotely sensed and objectively manipulated geomorphic information is a well-established procedure in hydrology (16) (17) (18) (19) (20) . Hydrologic divides can be inferred from drainage directions extracted from digital terrain models (DTM). Raw DTM data consist of discretized elevation fields on a lattice whose size is typically O(10 − 100) m depending on the detail required. In particular, the Haitian stream networks were derived from US Geological Survey (USGS) digital elevation maps (available online at http://seamless.usgs.gov), which have a grid resolution of 100 m in the planform and a precision of ±0.5 m in the elevation field. The first step consists of the determination of the unique steepest-descent flow path from each pixel to the sea. It is then possible to delineate the river basins, defined as the set of pixels that drain into the same point of the coastline. With this procedure 9,790 different basins are obtained (Fig. S3A) , whose areas range from 1 km 2 to >5,000 km 2 (Artibonite). To subdivide the system into coherent hydrologic units endowed with approximately the same drainage area, two further manipulations are necessary, namely (i) to subdivide (according to catchment divides) the largest watersheds into several subwatersheds and (ii) to aggregate basins with a small catchment area. We choose the watershed area such that the whole system is represented by ∼300-400 units. This number is deemed reasonable to achieve a suitably detailed spatial resolution while limiting the computational time of each model run to the order of seconds. Fig. S3B shows an intermediate step and the final representation of the Haiti territory subdivided into 366 hydrologic entities.
To determine the number of people hosted by each hydrologic unit we use a remotely sensed map of population distribution provided by the Oak Ridge National Laboratory (21) . The data represent the ambient population distribution (average over 24 h). The spatial resolution is 30 × 30 arc-seconds (or 0:083 × 0:083 decimal degrees), which represents, at that latitude, cells of ∼1 km 2 . The nodes of our models are identified as the centroids of the population distribution of each watershed. Human mobility patterns. Human mobility is described by a network in which the nodes correspond to those of the hydrological layer ( Fig. S2C ) and edges are defined by connections among communities. We assume that all individuals (susceptibles, infectives, and recovered) can undertake short-term trips from the communities where they live toward other settlements. Note, however, that only the movement of susceptibles and infectives is important for disease dynamics. In fact, while traveling or commuting, susceptible individuals can be exposed to pathogens and return as infected carriers to the settlement where they usually live. Similarly, infected hosts can disseminate the disease away from their home community. It should be remembered that in many cases infected individuals are asymptomatic and thus are not barred from their usual activities by the presence of the pathogen in their intestine. Human mobility patterns are defined according to a connection matrix in which individuals leave their original node (say i) with a probability m, reach their target location (say j) with a probability Q ij , and then come back to node i.
Human mobility is accounted for in the first, second, and fourth equations of model S2. In the revised model, in fact, a contact rate
is defined to account for both local (first-term) and mobility-related (second-term) infections. F i ðtÞ is in fact the total contact rate of the disease, potentially depending on all bacteria present in the system, i.e., bacteria that might be taken up at node i by susceptibles who do not move from their home site or at each of the other nodes j by those susceptibles who do move away from it. In the same way, to account for both local and mobilityrelated pathogen shedding by infected individuals, a total infective pool
which describes infected individuals who are actually active at node i at time t, is actually considered. Topological and transition probability structures Q ij for human mobility networks used in epidemiology are quite varied (22, 23) . They can be based on "attractivity" like in gravity models (24), on the actual transportation network (25) , or on theoretical network models (26, 27) . Most reported mobility networks, however, refer to specific settings, possibly empirically derived for developed countries, and should be thoughtfully adapted to different socioeconomic and environmental contexts. Gravity models, in particular, have long been applied in the epidemiological literature to describe the impact of human mobility on the emergence of a suite of diseases (24, 28) , including influenza (29) , HIV (30) , and measles (31) .
From a mathematical perspective, a gravity-like model for human mobility can be defined by specifying connection probability as
where the attractivity factor of node j is subsumed by its size, whereas the deterrence factor is assumed to be dependent on distance and represented by an exponential kernel (with shape factor D). Note that the same formalism was applied in ref. 1. However, there the gravity-like model represented a synthetic description of all vibrio transport mechanisms, whereas here, in the present approach, it is used to characterize the effects of human mobility alone (hydrological transport being modeled separately, see section above).
To compute mobility fluxes, distances among nodes have also to be determined. As clear from Haitian topology, in this context it is not realistic to consider the Euclidean distance between any two generic points (e.g., nodes separated by the Caribbean Sea). For this reason, we first created a graph where only four nearest neighbors of each node are connected. Distances on this graph are computed as Euclidean distances between nodes (note that for the Haitian context we intentionally did not use other metrics, say via roads or railways). Then, distances between two generic nodes i and j are computed as the length of the shortest path, allowed by the graph just described, that connects i and j. Shortest paths are computed through the standard Dijkstra algorithm.
Significantly, in a recent empirical study (13) , daily average movements of mobile phones have been tracked in Haiti to determine likely new areas for cholera outbreaks out from the site where the disease was first detected. The results of the analysis show that travels out of the source area are frequent and most of the country has received persons from the affected area. Interestingly, the vast majority of persons leaving the source area travel to just a few large recipients that include surrounding communal sections. Therefore, we maintain that a gravity-like network model would do well in reproducing such a mobility pattern. Loss of acquired immunity. The loss of acquired immunity is explicitly accounted for in the first (susceptible pool) and third (recovered individuals) equations of model S2. We assume that immunity from cholera is lost at a rate ρ, thus leading to a replenishment of the susceptible compartment. The parameter ρ is initially set (Discussion in the main text) at 1=ρ ≈ 3 (years) (14) . We investigated the sensitivity of model results with respect to variations of this parameter through a dedicated sensitivity analysis (see below).
Rainfall as a driver of increased water contamination. To address the seasonal revamping of infections, we assume that the baseline contamination rate p can be increased by rainfall [whose intensity is denoted by J i ðtÞ in model S2] through a synthetic runoff coefficient φ. This increase is in turn due to extra loads of pathogens brought into the water reservoir by seasonal rainfall, which can wash out large loads of pathogens from open-air defecation sites into waterways through surface runoff. This infection mechanism is speculated to be properly described neither by the mass balance equation of the water reservoir (in times of heavy rainfall one would reasonably expect the water reservoir to increase in volume, thus decreasing its concentration at constant pathogen loads) nor by empirically augmented exposure probabilities, but rather from added pathogen loads to the current reservoir volume. Within the Haitian context, the clear empirical correlation between weekly rainfall and new reported infection cases-started at the end of May, 2011 (15)-leaves little doubt about the origins of the transmission (Fig. 1 in the main text) .
Decadal rainfall estimates for the 2010-2011 period have been obtained from data collected by the National Aeronautics and Space Administration and Japan Aerospace Exploration Agency Tropical Rainfall Measuring Mission (TRMM_3B42 precipitation estimates, see http://trmm.gsfc.nasa.gov/ for details) through the Famine Early Warning Systems Network data portal set up by USGS (http://earlywarning.usgs.gov/fews/). Rainfall data are spatially distributed with the resolution of 0.25°o f latitude and longitude. Data from 2002 to 2011 were available. Rainfall fields for the specific epidemic period simulated have been interpolated to obtain the time series of the average rainfall intensity for each hydrologic unit, J i ðtÞ.
As reported in the main text, we projected the epidemic forecast to multiple seasons. To do that, we needed to generate a suitable projection of rainfall fields, which has been generated as follows. We used the 10-y record of decadal precipitations (with the available resolution). To run the model up to January 2014 we need at least 3 y of generated rainfall starting from October 2011. Each of these 3 y of fluctuating, spatially distributed rainfall fields is sampled randomly (with replacement) from the 10-y dataset available. As a result, each sequence of generated rainfall is a standard bootstrapping at a yearly timescale of the observed data. We carried out 1,000 Monte Carlo-like realizations of rainfall generation to assess the uncertainty in the forecasts of cholera incidence due to the uncertainty in rainfall projections, estimated from the bootstrapping procedure. Although hydrologically a gross predictive tool, the rainfall model devised produces realistically correlated (in time and space) and obviously credible rainfall fields (because they actually occurred).
Testing Alternative Mechanisms of Cholera Transmission. Although model S2 is considerably more complex than model S1, it still provides a basic description of the processes leading to new infections and water contamination. One could thus wonder whether a refined formalization of such processes could possibly lead to a better characterization of the observed spatiotemporal patterns of cholera spread-obviously at the expense of dealing with more complicated mathematical models. Hyperinfectivity. A somewhat debated topic in the literature concerns the description of hyperinfective bacterial stages (32) . In fact, experimental evidence exists, suggesting that the passage of V. cholerae through the human intestine increases pathogen infectivity (32, 33) . Increased infectivity reportedly lasts from a few hours up to 1 d. At later times, bacteria enter a stage characterized by normal infectivity. A mathematical model accounting for the hyperinfective bacterial state was proposed a few years ago (34) and, since then and despite being subject to some criticisms (35) , hyperinfectivity has often been accounted for in cholera modeling exercises, including some recent attempts to describe the Haiti epidemic (36, 37) . Our modeling framework can be effortlessly extended to include a hyperinfective bacterial stage into the general architecture of cholera transmission (Fig.  S2A) . To that end, the mathematical description of pathogen dynamics in the water reservoir has to be broken into two separate differential equations, respectively for hyperinfective and regular bacteria; i.e.,
where B i is the concentration of hyperinfective pathogens in the water reservoir and ξ is the rate at which vibrios lose hyperinfectivity [here we assume 1=ξ ¼ 1 (day)]. Obviously, the total contact rate F i ðtÞ has to be modified accordingly as
where K HI is the half-saturation constant for hyperinfective bacteria (K=K HI ≈ 50) (34) . A mechanistic description of water contamination. A driver of water contamination that certainly plays a key role in the spreading of the disease is rainfall. By extending the basic model (Fig. S2A) , we can specifically focus on the assumption that overall water contamination increases during rainfall events owing to extra loads of pathogens brought into the water reservoir by seasonal rainfalls.
In the fourth equation of model S2 it is in fact assumed that a local rainfall event of intensity J i ðtÞ directly enhances water contamination through a synthetic runoff coefficient φ. It is interesting to see whether other formalizations, possibly aimed at a mechanistic description of the relevant contamination processes, could be engineered. In particular, here we describe how increasing water contamination during rainfall events can be derived formally from a detailed description of realistic contamination pathways. Let B i ðtÞ and B s i ðtÞ be bacterial concentrations respectively in the water reservoir and in the sewage system of node i at time t. The sewage system is intended in its broadest possible definition, including the lack of it thereof, i.e., open-air defecation sites. We assume that (i) excreted vibrios actually reach the sewage system and (ii) the pathogens contained in the sewage system can be released to the water reservoir because of leakage/washing out (at a rate that can depend upon rainfall intensity). With these hypotheses in mind we can thus write the following submodel for the balance of V. cholerae concentrations,
where e represents the vibrio excretion rate of infected individuals, μ s B is the bacterial mortality within the sewage system, W s i is the volume of water stored in the sewage system (W s i ¼ c s H i ), and f ðJ i ðtÞÞ is a function describing the flux of pathogens from the sewage system to the water reservoir owing to a rainfall event at the ith node characterized by intensity J i ðtÞ. Note that the vibrios contained in the sewage system are assumed not to undergo hydrological dispersal. For the sake of simplicity we further assume a linear relationship between rainfall intensity and pathogen flux from the sewage system to the water reservoir; i.e., f ðJ i ðtÞÞ ¼ f 0 þ f 1 J i ðtÞ, where f 0 and f 1 are positive constants.
Local Basic Reproductive Numbers R 0 . A linear stability analysis of the complete model carried out for l ¼ 0, m ¼ 0, and J ¼ 0 shows that, given an initial condition of the type I i ð0Þ ¼ δ, S i ð0Þ¼ H i − δ, R i ð0Þ ¼ 0, and B i ð0Þ ¼ 0 (where δ is a small positive number), a local epidemic outbreak can occur in node i only if
where R 0 is the value of the local basic reproductive number of the disease. Technically, R 0 > 1 is the local condition for the disease-free equilibrium to be unstable (8) .
Model Selection. To assess whether and how more complex models are better suited to describe the evolution of the Haiti cholera outbreak, we can rank the performances of different candidate models according to Akaike's information criterion (AIC) (38) . AIC is a model-selection procedure that explicitly takes into account the trade-off between model accuracy and complexity, measured as the number Θ of free parameters (i.e., the structural parameters for each candidate model, plus one residual variance parameter) (39, 40) . We specifically test four candidate models:
i) Model S2 as presented above.
ii) Same as in i but accounting for pathogen hyperinfectivity, i.e.,
iii) Same as in i but accounting for two water compartments (water reservoir and sewage system), i.e.,
iv) Same as in iii but accounting also for hyperinfectivity, i.e.,
From an operational perspective, we first calibrate independently each candidate model against the epidemiological data available for the Haiti cholera epidemic (next section). For each best-fit model we then compute
where η is the number of data points (η ¼ n d n w , where n d ¼ 10 and n w ¼ 49 are the numbers of administrative departments and weeks from the onset of the epidemic, respectively), and RSS is the value of the residual sum of squares computed on the basis of model results and the epidemiological record; i.e., RSS ¼
where Cði; jÞ andĈði; jÞ are the cumulative reported cases at the department scale evaluated from the weekly epidemiological bulletins and best-fit model simulations, respectively. Note that model results are given at the watershed level. Therefore, they have to be up-scaled to the department level for comparison with the available epidemic data. Should of course less aggregated data be available, the current procedure would require no coarse graining of computed results. The up-scaling procedure is performed here by accounting for the fraction of the population of each watershed that belongs to a given department. RSS values and AIC scores for all models are reported in Table S1 . Model S2 is ranked first in the model selection procedure and is thus chosen as reference model.
Parameter Calibration. Whereas several parameters are estimated from the literature (1) (see Table S2 for the numerical values and relevant references), others are obtained through calibration. The set of tuning parameters is peculiar to each candidate model, specifically θ ¼ p=ðcKÞ, l, m, D, and φ for models S2 and S3 and θ, l, m, D, f 0 , and f 1 for models S4 and S5. The optimization approach is based on Markov chain Monte Carlo (MCMC) sampling, which is a family of methods allowing for the exploration of the posterior probability density function of a desired probability distribution (in our case, the joint probability distribution of the set of tuning parameters) (41) . Specifically, we use the differential evolution adaptive Metropolis (DREAM) algorithm (42) , an efficient implementation of MCMC that runs multiple different chains simultaneously to ensure global explo-ration of the parameter space and adaptively tunes the scale and orientation of the jumping distribution using differential evolution (43) and a Metropolis-Hastings update step (44, 45) . More specifically, we adopt the DREAM ZS variant of the DREAM algorithm, which also makes use of sampling from past states visited by the Markov chains and of a snooker update step (in addition to parallel update steps) to generate candidate points in each individual chain-thus reducing the number of parallel chains needed for an effective exploration of the posterior distribution while at the same time increasing the diversity of candidate points (46) . The algorithm is initialized with broad flat prior distributions for parameter values and is allowed to run up to convergence [Oð10 5 Þ iterations].
The goodness of each single simulation is computed as the residual sum of squares between weekly reported cholera cases in each Haitian department as recorded in the epidemiological dataset and simulated by the model being tested. Specifically, the cumulative number of reported cases C i ðtÞ in each network node i at time t can be directly computed by solving either
for models S2 and S4 or
for models S3 and S5. The numerical values of the best-fit parameters of the best-ranked model and their 5−95% confidence intervals are reported in Table S2 . Note that with optimal parameters, the inferred values of the basic local reproductive number R 0 would have been uniformly set at R 0 ¼ 3:47:
In addition to the best-fit results reported in Fig. 3 of the main text, Fig. S4 shows the time series of the new weekly cholera cases for the 10 Haitian departments.
Sensitivity Analysis. To disentangle the impact of each parameter of model S2 on the intensity of the epidemic outbreak we performed a sensitivity analysis of the model outcomes with respect to variations of the parameter values. In particular, we allowed the parameters to vary (±20% variation with respect to the best-fit parameter set) one by one through repeated model runs. We then computed the variations of simulated total cholera incidence with respect to the best-fit simulation ( Fig. S5) (11, 36) . Note that this sensitivity analysis is different from the uncertainty of model simulations reported in Fig. 3 of the main text, which is obtained by sampling 1,000 times the posterior distribution obtained via MCMC and recomputing reported cases.
We also performed a sensitivity analysis of the results obtained with the best ranked model (model S2) for a broader range of variation of the rate of loss of acquired immunity (ρ), a key parameter controlling the number of reinfections. The range investigated is 1=ρ ¼ 1 − 5 (years) [our reference value is 1=ρ ¼ 3 (years), Table S2 ]. Results are reported in Fig. S6 . The impact on the simulation proves indeed small for the highest loss rates ρ. The smallest loss rate shows instead a significant effect on the simulations. However, such a low rate would have implied a large number of reinfections, unreported to date. From the results of 2010-2011, one is therefore allowed to infer that the 1-y immunity loss scenario is unrealistic. Therefore, the analysis is deemed supportive of our estimate of 1=ρ ¼ 3 (years) ( Table S2 ).
SI Discussion
Assessment of the Predictive Power of Model S2. This section provides an example of the predictive power of the reference model S2. The calibration procedure described before has been per-formed using all of the epidemic data available up to the end of September 2011. To assess the capability of the model to project the future evolution of an epidemic, we recalibrate the model using a subset of the epidemic data and we evaluate the agreement between the actual evolution of the epidemic after the calibration period and the one hindcast by the model (model validation). In particular, Fig. S7 shows the weekly cases of cholera predicted for the period June-September 2011, using epidemiological information up to the end of May 2011. The uncertainty related to parameter estimation in the validation period is higher-as expected-than that for the one obtained using the whole set of epidemic data (Fig. 3 of the main text) . However, the model is able to capture the resurgence of the infection in correspondence to the heavy rainfalls that occurred in June and July 2011. The latter result is deemed relevant, in particular because of the absence of significant periods of heavy rainfall during the calibration period. However, note that the hindcast just presented cannot be considered as a real prediction because model S2 has been previously selected with the full knowledge of the epidemiological data. Moreover, during the hindcasting period the model is forced by the observed rainfall. Future applications of the model as a predictive tool will have to deal also with the forecasting of precipitation, possibly within a stochastic framework that might allow an ensemble of predictions.
Transmission Processes Judged of Lesser Importance. Some cofactors of disease transmission have been judged of lesser importance without formal AIC screening. They are as follows: i) Latency: Some models of cholera epidemic (e.g., ref. 37) include another compartment where susceptibles experience a 1-to 5-d latent period of disease incubation before their transferral to the compartment of infectives. The weekly timescales of reported cases preclude a significant calibration of the rate of release from the latent stage, and thus the related effect is included in the other transmission parameters. ii) Human-to-human transmission: This effect has been modeled only in a few studies (e.g., ref. 47) . Direct person-to-person transmission has been documented in particular cases, typically for household members of patients with cholera who are naturally at increased risk of infection, e.g., from food preparation by infected individuals (48) or contamination of water storage containers (49) . This effect is accounted for in our model(s) by the direct injection of freshly shed bacteria into the water reservoir that conceptualizes all of the above. iii) The implications of the stigma of cholera among certain population groups: In fact, reported cases often occur far from the closest treatment center (as archived, georeferenced disinfection sites of households of deceased patients suggest), implying less prompt treatment and possibly higher mortality. The role of internally displaced people (IDP): The concentration of people in provisional tents that have by necessity replaced previous households after the disastrous January 2010 earthquake may result in higher than usual contact rates (socalled "packing" effects reported in endemic regions, say during monsoons) yet facing better sanitation and water supply conditions than their former neighborhoods where fewer nongovernmental organizations (NGOs) have been operating.
Higher than expected mortality of reported cholera cases, especially in the early phases of the epidemic, possibly due to social unrest (e.g., road blocks preventing timely treatment). The link between school terms and the resurgence of infections, of possible relevance because children are argued to be less exposed to infection especially from food while in school. The removal of services (e.g., in IDP camps) in relation to exit strategies of NGOs.
The impact of decaying attention toward hygiene along with the fading of the acute phase of the epidemic.
A further possible refinement could be concerned with a detailed account of the dynamics of the local water reservoir W i . Whether it is wise to allow W i to fluctuate in time depends on the setting. Coupled with model S2 (or more complex accounts), however, a rich range of highly nontrivial epidemic behaviors is shown to depend on the dynamics of the water reservoir (50) . In the Haitian case, however, it is argued that the time variation of the water reservoir is not a major factor to determine increased infections. We therefore simplify hydrological dynamics by assuming that dW i =dt ≈ 0; i.e., W i is assumed constant and functionally dependent on the population H i ; i.e., W i ¼ cH i , where c is a suitable constant (3, 10, 11) . (36) . Andrews and Basu (36) fitted their model against a base-case estimate for the total number of cases for each department. These base-case estimates were obtained by dividing the reported hospitalized cases by 0.38, the highest ratio of hospitalized cases to total cases reported from any departments. They forecast a toll of 779,000 cases and 11,100 deaths from March 1 to November 30, 2011. The related observational numbers from March 1 to October 26 yield 232,452 equivalent reported cases (i.e., the reported hospitalized cases divided by 0.38) and 2,040 deaths (15) .
Assessment of the Estimates by Andrews and Basu
Boundary Conditions. The above models (Eqs. S2-S5) were solved with absorbing boundary conditions at sea for bacterial transport. These conditions imply that the bacterial contents are discharged at sea and do not reenter the system at any time, thus implying that coastal waters act as a sink of pathogens. One could argue, however, that coastal waters may act differently from an absorbing boundary because V. cholerae can thrive in saline environments as documented in settings prone to endemic cholera like in the Bay of Bengal (51) . Moreover, inbound salt wedge propagation or tidal ebb flows may affect bacterial transport and induce an upstream flux of pathogens, possibly enhanced by passive transport, resulting in higher local concentrations (from where they affect the whole domain). Technically, this process can be modeled in several manners. A simple option consists of assuming the outlet acts as a diffusive, as opposed to absorbing, barrier where one assumes that half of the outgoing bacterial flux to the sea reenters the outlet node. Alternatively, one might set the reentering flux to an outflux fraction to be calibrated. Such assumptions, however, should be the subject of specific model-guided field validation requiring field work on the hydroclimatically forced ecology of the bacterium in crucial coastal-riverine transition spots. The detailed relevant hydrodynamics should also be pointed out.
For the sake of example, we ran the exercise of model calibration and model selection under the new assumption of diffusive barrier. Results show that the best-performing model in this case is model S3, which includes hyperinfectivity. Fig. S8 shows a comparison of the best-performing models under the assumption of absorbing (blue) or diffusive (red) boundaries. Best-fit parameters obviously change and with them the estimation of the relative importance of different transmission mechanisms for the infection. It is important to note, however, that our modeling framework can consistently reproduce the main features of observed epidemic patterns under both assumptions and, most importantly, forecast similar multiseasonal epidemic trajectories. Cumulative Cases / km 2 Fig. S1 . Map of the spatiotemporal evolution of cumulative reported cholera cases at the country scale (15) . Infections are projected at the (pixel) scale of the population database ( Fig. 2C of the main text) with the assumption of spatially uniform incidence within departments. The early propagation of the disease from the Centre department mainly along the Artibonite River is clearly shown. The subsequent, fast outbreak in the most densely populated region (Port-au-Prince) is also evident. See text for technical details on the candidate models. The last column shows Akaike differences (with respect to the best-ranked model), which must be >4 for significance (38) (39) (40) . Table S2 . Estimated (Upper section) and fitted (Lower section) parameter values and their 5-95% credible intervals, for the best-ranked model (model S2) and relevant units
